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Abstract
Background: Effective and economical methods for quantitative analysis of high throughput mass
spectrometry data are essential to meet the goals of directly identifying, characterizing, and
quantifying proteins from a particular cell state. Multidimensional Protein Identification Technology
(MudPIT) is a common approach used in protein identification. Two types of methods are used to
detect differential protein expression in MudPIT experiments: those involving stable isotope
labelling and the so-called label-free methods. Label-free methods are based on the relationship
between protein abundance and sampling statistics such as peptide count, spectral count,
probabilistic peptide identification scores, and sum of peptide Sequest XCorr scores (ΣXCorr).
Although a number of label-free methods for protein quantification have been described in the
literature, there are few publicly available tools that implement these methods. We describe
ProtQuant, a Java-based tool for label-free protein quantification that uses the previously published
ΣXCorr method for quantification and includes an improved method for handling missing data.
Results:  ProtQuant  was designed for ease of use and portability for the bench scientist. It
implements the ΣXCorr method for label free protein quantification from MudPIT datasets.
ProtQuant has a graphical user interface, accepts multiple file formats, is not limited by the size of
the input files, and can process any number of replicates and any number of treatments. In
addition,ProtQuant implements a new method for dealing with missing values for peptide scores
used for quantification. The new algorithm, called ΣXCorr*, uses "below threshold" peptide scores
to provide meaningful non-zero values for missing data points. We demonstrate that ΣXCorr*
produces an average reduction in false positive identifications of differential expression of 25%
compared to ΣXCorr.
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Conclusion: ProtQuant is a tool for protein quantification built for multi-platform use with an
intuitive user interface. ProtQuant efficiently and uniquely performs label-free quantification of
protein datasets produced with Sequest and provides the user with facilities for data management
and analysis. Importantly, ProtQuant is available as a self-installing executable for the Windows
environment used by many bench scientists.
Background
The expression of the protein complement of the genome,
called the proteome, is temporal and cell or tissue-spe-
cific. Proteins exist in the cells in physical forms that can-
not be predicted from DNA and mRNA analysis[1].
Therefore, direct analysis at the protein level is necessary
because proteins are the effectors of function in the cell
and are responsible for the phenotype. The goal of pro-
teomics, i.e. study of the proteome, is to directly identify,
characterize, and quantify proteins from a particular cell
state. We describe the publicly available ProtQuant tool for
label-free quantification of proteomics datasets.
Multidimensional Protein Identification Technology
(MudPIT) coupled with database searching is a common
approach in biological studies to identify proteins [2].
MudPIT involves site-specific proteolytic digestion of pro-
teins to peptides, separation of peptides by two-dimen-
sional liquid chromatography (LC) (strong cation
exchange and reverse phase), and analysis of peptides by
tandem mass spectrometry (MS/MS), followed by data-
base searching for protein identification. The databases
used for matching MS/MS spectra are in silico digested
with the same site-specific protease and include all possi-
ble "fingerprints" for peptides for all proteins in the data-
base. Protein identification using database searching
algorithms like Sequest [3], MASCOT [4] and OMSSA [5]
are based on thresholds for specific scoring parameters for
each algorithm that are used to filter the peptide identifi-
cations most likely to be correct. For example, the Sequest
cross correlation coefficient score (XCorr) and delta Cn
(ΔCn) represent sensitivity and specificity respectively for
peptide identification and thresholds for these two scores
are used for filtering out false positives [6]. Identification
of protein specific peptides confirms the presence of the
protein in the sample. It is important to note that only
10–50% of spectra assignments generated in LC-MS/MS
experiments are actually correct [7] and a majority of pep-
tide assignments to spectra are removed by filtering.
For meaningful modelling of biological data, mere identi-
fication of proteins from a sample is not sufficient; quan-
titative analysis is required. Non-gel based quantitative
proteomics methods can be broadly categorized into iso-
topic and isotope-free methods. Isotopic methods like
ICAT [8], iTRAQ [9] and 18O [10] involve labelling pep-
tides from different experimental conditions with differ-
ent stable isotopes and introducing predictable mass
differences between identical peptides. The ratios of the
ion intensities for labelled pairs of peptides are used to
quantify the relative abundance of the proteins.
Isotope-free methods use the observed parameters for
protein identification as well as sample replication to
measure changes in relative protein abundance. Examples
include: the peptide count [11], spectral count [12],
sequence coverage [13], and exponentially modified pro-
tein abundance index [14]. We have previously shown
that the Sequest cross correlation (XCorr) is inherently
quantitative and can be used for non-isotopic quantitative
MuDPIT proteomics [15] and that comparison of the sum
of XCorr values associated with peptides used to identify
a protein (ΣXCorr) in treatment and control can be used
for relative protein quantification.
Here we describe a new tool, ProtQuant, for ΣXCorr quan-
tification of label-free 2D LC MS/MS data analyzed by
TurboSEQUEST™ (Bioworks Browser 3.2 ThermoElec-
tron). ProtQuant is a stand alone, platform independent
Java program and is available as a self-installing executa-
ble for Windows platforms. It has a graphical user inter-
face and can handle multiple data input formats and
multiple replicates of biological experiments.
In addition, ProtQuant implements an improved method
imputing missing data values when computing the
ΣXCorr – we call the improved method ΣXCorr*. Because
MudPIT mass spectrometry is based on sampling from a
complex protein mixture, the peptides that are identified
from one replicate to another are extremely variable. Durr
et al. [16] have reported that only ~66% of the peptides
identified in any one replicate are present in a second rep-
licate and that up to ten replicates are required to ensure
that no new peptides are identified. However, due to the
time and expense involved, researchers rarely collect more
than three replicates and smaller numbers are common.
None of the isotopic or non-isotopic methods address the
issue of "missing" mass spectra. Missing mass spectra
occur due to the inherent limitations of mass spectrome-
ters, the probabilistic nature of sampling, and the fact that
the cut-offs used to determine "true" assignments of pep-
tides to mass spectra are not truly biological. Such data
gaps are ignored or replaced by zeros in the differential
analyses of non-isotopic proteomics. Both approaches canBMC Bioinformatics 2007, 8(Suppl 7):S24 http://www.biomedcentral.com/1471-2105/8/S7/S24
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bias the comparisons and increase the number of signifi-
cantly differentially-expressed proteins identified by sta-
tistical tests. The ΣXCorr* method uses "below threshold"
peptide XCorr scores to impute "missing values" and
reduce false positive identifications of differential expres-
sion.
Results
ProtQuant provides proteomics researchers with a conven-
ient tool for protein quantification of a 2D LC ESI MS/MS
experiment and it runs on the Windows platform used by
many bench scientists. ProtQuant  has a graphical user
interface, accepts multiple file formats, and is not limited
by the number of replicates, the number of treatments, or
size of the input files. The Sequest XML format must be
used when the size of the dataset exceeds the maximum
size of an Excel spreadsheet. We provide a program that
can generate tab-delimited text files from the large XML
files and that scientists can view and edit using a text edi-
tor such as Notepad. The ProtQuant graphical user inter-
face is illustrated in Figure 1. The user selects the file input
format, the Sequest generated files to be compared, and a
confidence level for ANOVA analysis. Files representing
multiple conditions, as well as multiple replicates for each
condition, can be processed. One condition is designated
as the control and the remaining conditions as treatments.
The user can select the ΣXCorr (without imputation of
missing values) or ΣXCorr* quantification methods. Rep-
licates can be processed as pairs from the control and
treatment or replicates from each treatment can be pooled
(the default).
ProtQuant user interface Figure 1
ProtQuant user interface.BMC Bioinformatics 2007, 8(Suppl 7):S24 http://www.biomedcentral.com/1471-2105/8/S7/S24
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ProtQuant loads the input files selected using a browse
facility, matches the proteins found in each file, and con-
structs a master peptide list for each protein. Missing val-
ues are imputed if requested, and the ΣXCorr for each
protein in the control and each treatment is computed.
ProtQuant also computes the statistical significance of dif-
ferential expression of control and treatment for each pro-
tein using one-way ANOVA. The program generates a tab
delimited text file as output that can easily be imported
into Excel for further analysis by the scientist (see Figure
2). Statistical significance levels are computed only for
those proteins where at least three XCorr values were used
to compute the ΣXCorr.
In developing ProtQuant, we address the issue of missing
mass spectral identifications when comparing two pro-
teomic datasets to determine significant changes in rela-
tive protein expression. To understand the rationale for
designing ProtQuant it is first necessary to understand tan-
dem mass spectrometry-based protein identifications and
their limitations. When processing cDNA micro-arrays
and other large scale quantitative mRNA analyses that rely
on nucleotide sequence identity and hybridization, miss-
ing values originate from random imperfections at the
level of chip production, treatment, hybridization, and
scanning [17,18]. Tandem mass spectrometry-based iden-
tifications, on the other hand, are inferred based on the
quality of matches between observed spectra and pre-
dicted sequence-specific patterns and the concept of
"missing values" is fundamentally different. The two most
commonly used algorithms for doing tandem mass spec-
trometry-based identifications are Mascot [4] and Sequest
[19]. Both rely on the principle of first using the specific
mass (± the known mass error) of the precursor ion (i.e.
before fragmentation) to generate a short-list of all pep-
tide sequences in the database with masses within the
range that could be derived from that precursor ion. Then
the algorithms score the correlations of the associated tan-
dem mass-spectra (generated from precursor ion fragmen-
tation) for each peptide in the short list. The scores
include:
1. A correlation score based on the frequency and inten-
sity of the ("y", "b" and sometimes other) ions in the tan-
dem mass spectra ("XCorr" for Sequest and "Ion Score"
for Mascot) and
Sample ProtQuant output Figure 2
Sample ProtQuant output.BMC Bioinformatics 2007, 8(Suppl 7):S24 http://www.biomedcentral.com/1471-2105/8/S7/S24
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2. A relative score based on the rank of the correlation
scores for each match on the short-list ("ΔCn" for Sequest
and "homology factor" for Mascot).
Then identifications are decided based on "cut-off" scores
determined either by applying scores based on how the
scores performed on an unrelated training data set [19], or
a probability based determination based on searching
against a "decoy data-base" [20]. Because of the great var-
iability in the peptides detected by mass spectrometry
even among technical replicates [16], a comparison of
peptide identifications for a specific protein in a control
and treatment often exhibit substantial differences. When
using peptide statistics for relative quantification, it is
important to determine, to the extent possible, if the pep-
tides found in one sample but not the other are truly miss-
ing or if they were present but were below the cut-off
threshold for identification. ProtQuant makes use of the
quantitative data provided from mass spectra below the
identification threshold that current non-isotopic quanti-
fication methods are missing. Note that methods based
on spectral counts or peptide counts cannot use this infor-
mation since these methods rely on counting and not a
quantitative peptide score. For a peptide that occurred in
the treatment or control but not the other, we ask the fol-
lowing question: Was a tandem mass spectrum present
that correlates with the peptide but with an XCorr value
below the user defined threshold for identification? If so,
we use this XCorr value to impute a score for the peptide.
Conversely, if there is no such mass spectrum, then we
replace the missing value with zero.
Figure 3 illustrates this process in more detail. For each
experiment, we are interested in comparing a control and
treatment where both datasets have replicates. We gener-
ate two Sequest output files for each replicate – one that is
generated with user-defined thresholds for XCorr values
to select peptides used for protein identification (called
the filtered data) and one that is generated with no thresh-
olds (called unfiltered data). Note that the number of pep-
tide assignments to spectra that are "filtered out" is very
large and in most datasets will substantially exceed the
number of assignments that have scores sufficiently high
to be used for protein identification. The unfiltered data is
used only for imputing missing values and not for peptide
identification and the below threshold values that are
used to impute missing values constitute a very small per-
centage of the unfiltered matches (<0.1%).
For each protein, based on the accession number, all pep-
tides used to identify that protein (those present in the fil-
tered data) in all replicates under consideration are
combined into a master peptide list for that protein. If a
peptide is present in the filtered data in either the control
or treatment (but not both), we search to see if that pep-
tide is present in the unfiltered data. If it is, we use the larg-
est below-threshold XCorr value for that peptide from the
set in which it did not score above the threshold. Such
XCorr values occur when the nominated peptide was
present but the quantity in the sample was too low to gen-
erate ion frequency and intensity to score above the cut-
off threshold. If the peptide is not represented by a tan-
dem mass spectra in the unfiltered data, a value of zero is
used. Using the imputed values provides a smooth transi-
tion for XCorr values between the threshold and zero and
provides datasets that can be tested with parametric statis-
tics. We use one-way analysis of variance, a published sta-
tistical method for using ΣXcorr for relative quantification
of protein expression.
We compared the performance of the ΣXCorr and
ΣXCorr* methods for label-free protein quantification
with 2D LC ESI MS/MS data using Pasteurella multocida
cell lysate sample that was spiked with five different con-
centrations (3, 6, 12, 120, and 1200 pmol) of BSA, lys-
ozyme, and cytochrome C as described in [15]. Each
dilution represents a technical replicate of the P. multocida
sample. Regression analysis of both ΣXCorr and ΣXCorr*
as a function of protein concentration yielded virtually
identical R2 values of over 98% as described in [15]. We
conclude that imputation of missing values using below
threshold scores does not negatively impact the ability to
detect differential expression of proteins.
We also used the spiked dataset to evaluate the false posi-
tive identification rate of the two methods. Because the
amount of protein spiked into each of the technical repli-
cates was very small and has a negligible effect on the
overall protein concentrations, the concentration of non-
spiked proteins should be the same in all replicates. The
spectra from each of the spiked samples was searched
against the Pastuerella multocida protein databases using
Sequest as described in [15]. We constructed simulated
experimental datasets by labelling two of the spiked sam-
ples as "control" and two others as "treatment". Six differ-
ent combinations were used to construct 6 simulated
experimental datasets. The concentration of all proteins in
the controls and treatments should be the same in the
simulated experiments and the variation in the peptides
and their XCorr values that occurred between the simu-
lated controls and treatments was due to random fluctua-
tions. Thus any proteins that were identified as being
differentially expressed at a specified statistical level are
considered false positive identifications of differential
expression. Table 1 shows the pairings that we used to
construct each of the 6 sets and Figure 4 gives the resulting
false positive identification rates for both ΣXCorr and
ΣXCorr* for p ≤ 0.05. Although the false positive identifi-
cation rate varies substantially from one simulated exper-BMC Bioinformatics 2007, 8(Suppl 7):S24 http://www.biomedcentral.com/1471-2105/8/S7/S24
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iment to another, the rate is always reduced using
ΣXCorr* with an average reduction of 25.5%.
The bacterial proteomics data set, Streptococcus pneumoniae
was grown in triplicate, either in the presence or absence
of iron in the growth medium. Total proteins were iso-
lated and proteomic analysis was carried out as previously
described [15]. Tandem mass spectra were searched
against all proteins from S. pneumoniae Tigr4. Of the 171
proteins identified, ProtQuant  without imputation of
missing values found 21% to be differentially expressed
while ProtQuant with imputation of missing values found
only 8% to be significantly different between iron rich and
iron restricted growth conditions. The proteins identified
as differentially expressed with ΣXCorr* were a subset of
those identified as differentially expressed by ΣXCorr, i.e.
no new false positives are introduced with imputation of
missing values. We conclude that ΣXCorr* significantly
reduces false positive identifications without introducing
false negative identifications of differential expression.
Discussion
The availability of high throughput methods such as 2D
LC ESI MS/MS has made it possible to characterize
changes in the proteome of an organism, tissue, or cell
under specified conditions. In addition to determining
the identity of proteins present under different condi-
tions, it is also essential to be able to quantify changes in
protein expression. Label-free methods may be preferred
over labelling methods because they are faster, less expen-
sive, generally provide greater proteome coverage and do
not exhibit problems found with incomplete labelling.
ProtQuant method for handling missing data Figure 3
ProtQuant method for handling missing data. Red numbers indicate missing values. Values from the unfiltered file used 
to replace missing values are in green.BMC Bioinformatics 2007, 8(Suppl 7):S24 http://www.biomedcentral.com/1471-2105/8/S7/S24
Page 7 of 9
(page number not for citation purposes)
ProtQuant is a reliable computational tool for relative pro-
tein quantification from isotope-free MuDPIT data ana-
lyzed by Sequest. Unlike methods for label-free
quantification such as spectral count or peptide count that
depend on statistics of counts, the ΣXCorr method uses a
quantitative score that is associated with each peptide
identification for protein quantification. ΣXCorr* also
makes use of below threshold scores that cannot be used
for identification, but that provide useful information for
quantification.
Table 1: Simulated experiments used to evaluate false positive identification rates of ΣXCorr and ΣXCorr*. 
Simulated Experiment Spiked Samples Used as Replicates for Control Spiked Samples Used as Replicates for 
Treatment
1 1200 & 3 120 & 12
2 1200 & 3 120 & 6
3 1200 & 6 120 & 3
4 1200 & 6 12 & 3
5 1200 & 12 120 & 6
6 1200 & 12 120 & 3
Five technical replicates of a P. multocida sample were spiked with different concentrations (3, 6, 12, 120, & 1200 pmol) of standards. Pairs of the 
spiked samples were used to represent "control" and "treatment" in simulated experiments. Any non-spiked proteins that are identified as 
differentially expressed are false positives (see Figure 4).
False positive identification rates for simulated experiments Figure 4
False positive identification rates for simulated experiments. For each simulated experiment, two of the spiked sam-
ples were chosen as the control and two others as the treatment (see Table 1 for the pairings). All identifications of differential 
expression at p ≤ 0.05 represent false positives.
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Unlike gene expression data where missing values are due
to technical failures, low signal-to-noise ratio, and meas-
urement error, missing values in MudPIT data are due to
the probabilistic nature of peptide observation by the
mass spectrometer. Methods such as the kNNimpute pro-
cedure for imputing missing values that are used in SAM
and many other gene expression analysis software pack-
ages [17,18] do not address the same problem. These
methods estimate missing values for genes based on the
values available for genes that behave in a similar manner
(k-nearest neighbors based on Euclidean distance of
expression vectors for the genes excluding the missing
value). However, in the case of proteomics experiments,
the problem is quite different because the peptide identi-
fications are based on matching real spectra to theoretical
spectra generated by in silico generated peptides. Peptides
may be truly missing – that is they may not be present in
a sufficient quantity to be detectable. In these cases, it is
correct to use 0 as the score for the "missing peptide".
However, the peptide may be present but may not have
generated a signal of sufficient strength to score above the
threshold. In these cases, the below-threshold score pro-
vides information about relative peptide quantity and can
therefore be used for protein quantification.
Future planned extensions to ProtQuant include addition
of options for other label-free quantification methods
such as spectral counting, and additional methods for sta-
tistical analysis such as Monte Carlo statistics. In addition,
we are developing a new method for peptide validation
that will produce output in a form that can be used by Pro-
tQuant tool for relative quantification. Integration of Pro-
tQuant with other tools that perform clustering, and GO
annotation of proteins, pathway analysis is also planned.
Conclusion
ProtQuant has a user-friendly interface and robust capabil-
ities for managing files. ProtQuant  uniquely performs
label-free relative quantification and is available for the
Windows platform used by many researchers.
Methods
Implementation of ProtQuant
ProtQuant is implemented in Java 5 for platform inde-
pendence. A self-installing executable for Windows has
been generated using Macrovision InstallShield. Instruc-
tions for installing and using the tool in a Linux environ-
ment are also available. ANOVA analysis is done using a
library from the R statistical package http://www.r-
project.org/. Because of the size of the datasets that Prot-
Quant must handle, MySQL is used for data storage and
efficient data manipulation. ProtQuant uses the file exten-
sion of input files to determine the format. ProtQuant
includes a custom built parser for XML files.
Protein identification
2D LC ESI MS/MS data was analyzed as published by Nan-
duri et al [15] to test the system. Regression analysis of
both ΣXCorr and ΣXCorr* with protein concentration and
the analysis of false positive identifications for the two
methods was conducted with this dataset. For the bacte-
rial dataset, database searches were conducted against all
proteins from S. pneumoniae TIGR4 using TurboSE-
QUEST™ (Bioworks Browser 3.2; ThermoElectron).
Trypsin digestion was applied in silico including differen-
tial modifications of cysteine (carboxyamidomethyla-
tion) and methionine (oxidation) in the search criteria.
Peptides were deemed to have identified a protein from
the database when they are at least 6 amino acids long,
with a XCorr of 1.5, 2.0, and 2.5 for +1,+2, and +3 charged
ions, respectively, and a delta Cn value of 0.1 or greater
[21].
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